Numerous studies have been published in the past years investigating the transcriptome of the zebrafish embryo (ZFE) upon being subjected to chemical stress. Aiming at a more mechanistic understanding of the results of such studies, knowledge about commonalities of transcript regulation in response to chemical stress is needed. Thus, our goal in this study was to identify and interpret genes and gene sets constituting a general response to chemical exposure. Therefore, we aggregated and reanalyzed published toxicogenomics data obtained with the ZFE. We found that overlap of differentially transcribed genes in response to chemical stress across independent studies is generally low and the most commonly differentially transcribed genes appear in less than 50% of all treatments across studies. However, effect size analysis revealed several genes showing a common trend of differential expression, among which genes related to calcium homeostasis emerged as key, especially in exposure settings up to 24 h post-fertilization. Additionally, we found that these and other downregulated genes are often linked to anatomical regions developing during the respective exposure period. Genes showing a trend of increased expression were, among others, linked to signaling pathways (e.g., Wnt, Fgf) as well as lysosomal structures and apoptosis. The findings of this study help to increase the understanding of chemical stress responses in the developing zebrafish embryo and provide a starting point to improve experimental designs for this model system. In future, improved time-and concentration-resolved experiments should offer better understanding of stress response patterns and access to mechanistic information.
Technologies measuring the entirety of gene transcripts, proteins or metabolites in a sample ("omics") are increasingly used in toxicological research and are discussed to be included into chemical regulatory assessments in the future (Marx-Stoelting et al., 2015) . In toxicology, these methods are primarily used to obtain insight into a compound's mode of action, to group similarly acting compounds or to define new biomarkers (Afshari et al., 2011) . Several studies have been published demonstrating responses to chemical exposure on transcriptome, proteome, metabolome, or epigenome level in different organisms. Here, we review the achievements made with the zebrafish embryo (ZFE) in the field of toxicogenomics (measuring gene transcript abundance, often also termed "gene expression"). ZFEs as well as adult zebrafish are increasingly used in biomedical (Lieschke V C The Author 2017. Published by Oxford University Press on behalf of the Society of Toxicology. This is an Open Access article distributed under the terms of the Creative Commons Attribution Non-Commercial License (http://creativecommons.org/ licenses/by-nc/4.0/), which permits non-commercial re-use, distribution, and reproduction in any medium, provided the original work is properly cited. For commercial re-use, please contact journals.permissions@oup.com and Currie, 2007; Lin et al., 2016) and environmental research (Scholz et al., 2008) due to the advantageous combination of biological complexity of a whole organism and the potential for high throughput handling (Driessen et al., 2014) . The added value of ZFE transcriptome analyses for human toxicology testing has been discussed before (Driessen et al., 2015; Hermsen et al., 2011) and several studies have analyzed the embryo's transcriptome after it was subjected to chemical exposure (Williams et al., 2014) . However, to our knowledge, results of ZFE toxicogenomics studies have not been aggregated or compared so far. In many studies, it could not be resolved, which of the observed effects were specific for the compound or compound class studied, and which would be expected to be of a more general nature, e.g. related to disturbance of embryonic development or global homeostasis. We assume that compounds mostly act via a range of different molecular mechanisms (e.g., different target molecules), but we also expect effect cascades to converge into smaller and more general sets of toxicity pathways (Villeneuve et al., 2014) . This should also be reflected on the transcriptome level so that chemical-induced differential transcription of at least some genes or gene sets should be independent of compound or embryonic stage. To be able to derive a meaningful and reproducible grouping of compounds and later on elucidate connections of molecular effects with higher level effects, which are of interest not only for regulatory issues, such knowledge about common responses is of utter importance. Thus, in this meta-analysis we aimed at the identification of genes or gene sets showing a general response towards chemical exposure. In the study presented here, we compared 33 microarray studies including exposures of the ZFE to 60 different compounds (948 arrays in total) and aimed at identifying common transcriptional regulation across all experiments as well as across meaningful subgroups. We followed two complementary approaches (see Figure 1 and Supplementary Fig. 1 ). First, we re-analyzed each experimental dataset separately, identified differentially expressed genes (DEGs) using moderated t-statistics and then determined the overlap of DEGs across datasets. In a second approach, we aggregated normalized data from all studies and determined a summary effect size using a random effects model. Functional enrichment analysis allowed us to derive conclusions about some general stress responses. Finally, we discuss what is needed for future experiments in order to allow for more powerful interpretations of omics profiles after chemical exposure.
MATERIALS AND METHODS
Study selection. For our analysis, we followed a strategy similar to that proposed by Ramasamy et al. (2008) . Studies were selected for the meta-analysis in which microarray measurements of global gene transcription changes in the ZFE after exposure to chemical compounds were performed (gene knock-down studies were not included). A database query was conducted in Gene Expression Omnibus and ArrayExpress (no search term, Filters: Organism: Danio rerio, Data type: expression profiling by array, one-color array or two-color common reference) and all studies satisfying above restrictions were manually selected. This resulted in 33 studies reporting on 60 compounds tested in 948 arrays (see Table 1 ).
Data import, quality control, normalization, and cleaning. Raw data of each study were downloaded from Gene Expression Omnibus or Array Express and imported into R (version 3.2.2, R Core Team, 2015), which was used together with packages from the Bioconductor repository (Huber et al., 2015) for all subsequent analysis. For each dataset, quality control and normalization were conducted as described in Supplementary Material, p.3.
Annotation. Since the microarrays used for the different studies have been designed and annotated using different genome versions (and possibly different annotation strategies), it was necessary to renew the annotation for all arrays. All array probes were mapped against the recent Danio rerio genome (DanRer10, September 2014) and annotated using the Ensembl Database (Ensembl Release 80, May 2015). The annotation strategy was based on Arnold et al. (2014) and is described in Supplementary Material, p.3.
Grouping of contrasts. To be able to derive biologically meaningful information from the large number of different treatments included in the analysis, treatments were grouped according to experimental factors. Those factors were: (1) observation time points, (2) modes of action of compounds, and (3) exposure concentration. The groups were assigned using a rather broad perspective. This way groups included enough different treatments and studies to be able to detect general patterns and not just specific results of one treatment:
1. Observation time point: the diverse exposure windows ( Figure 2a ) were grouped into three categories according to observation time point in the ZFE (which was the exposure end in most cases) with early exposures ending at latest at 24 hpf, intermediate exposures ending after 24 hpf and before 50 hpf and late exposures ending later than 50 hpf. 2. Modes of action: modes of action or effect categories were retrieved from literature for the 60 chemicals used in the different studies. Three groups were analyzed in more detail, namely reactive, teratogenic or carcinogenic substances ("A"), neuroactive substances ("B") and endocrine disrupting chemicals ("C"). To achieve maximum consistence, chemicals were only assigned to a group if strong evidence for the assignment existed. See Table 1 for the assignments. 3. Chemical concentration: all considered studies reported the molar concentrations of the applied exposure solution. However, for being able to compare the exposure concentrations of different substances in a quantitative way, it is necessary to relate the exposure concentration to a comprehensive effect scale (such as lethal concentration).
Since this was only available for a few studies, experiments were grouped into 3 sets with respect to effect concentrations on the ZFE phenotype: the "no effect" group included all treatments using arbitrarily chosen no effect concentrations and treatments using No Observed Effect Concentration (NOEC), No Observed Adverse Effect level (NOAEL) or fractions of NOEC or NOAEL for exposure; the "LOEC" group contained all treatments using exposure concentrations reported as LOEC, treatments leading to not precisely defined low effects, as well as treatments with exposure concentrations of EC 10 and lower as well as BMC GMS 1 ÀBMC GMS 10 (as defined by Hermsen et al. (2011) ). Finally, the "EC" group contained all treatments with exposure concentrations reported as inducing visible effects, if quantified larger than EC10 as well as BMC GMS ! 10 and all reported lethal concentrations (min. ¼ LC 5 ).
Analysis. The analyzed studies highly varied with regard to the number of measured time points and applied concentrations. Studies with many concentrations or time points measured would therefore have a biased impact on the analysis. This is why in each subgroup only the highest concentration and latest time point of each study and compound was included (suspected to represent the treatment showing the strongest and most general toxicity profile). The meta-analysis was performed with 2 complementary approaches ( Figure 1 ).
(1) For separate significance testing each dataset was quantile-normalized and DEGs were identified with a moderated t-test using the R-package "limma" (Ritchie et al., 2015) . Cutoff criteria for DEG were jlog2 fold change (logFC)j>1 and adjusted P-value (adj P) < 0.05. The proportion of DEGs for each treatment was determined and related to experimental factors. Additionally, those genes were often conducted with LOEC concentrations of neuroactive substances. Mode of Action: A ¼ reactive, teratogenic, B ¼ neuroactive, C ¼ endocrine. Effect concentration: no effect ¼ applied concentration had no reported phenotypic effect in the experiment, LOEC ¼ applied concentration was lowest observed effect concentration or some not precisely defined low effects up to EC 10 . EC ¼ applied concentration reported to induce visible or lethal effects.
were determined which were identified as DEG in most treatments (across all treatments and subgroups). (2) In order to identify genes with a common trend of differential transcription, common significance testing was applied: Each array was normalized by cumulative proportion transformation using the R-package "YuGene", a normalization method specifically designed for cross-platform normalization considering different dynamic ranges for different platforms (Lê Cao et al., 2014) . Then, random effect models were used to determine a summary effect size for each gene based on the fold-change and significance was estimated using a permutation analysis (1000 permutations) based on Significance Analysis of Microarrays (Tusher et al., 2001 ) applying the R-packages "MAMA " (Ihnatova, 2013) in combination with "GeneMeta" (Choi et al., 2003; Lusa et al., 2015) . Cutoff criteria for genes with a significant summary effect size ("meta-genes") were jeffect sizej>1 and adj. P < 0.05. This method is described in detail by Choi et al. (2003) .
To derive a mechanistic understanding from the lists of genes identified as meta-genes, functional annotation was performed using the Bioconductor package "clusterProfiler" (Yu et al., 2012) . 
RESULTS
This meta-analysis aggregated microarray data from 33 studies in which transcriptome responses in ZFE upon exposures to an overall number of 60 different chemicals were investigated. We systematically compared experimental settings with regard to exposure time, concentration and microarray platform. Since the number of DEGs can give a first hint on the extent of molecular disturbance in the embryo (Hermsen et al., 2012) , we compared the proportion of DEGs between the studies. We also investigated the influence of different experimental factors on the extent of gene regulation. In the last step we strived to identify commonly regulated genes in the ZFE after chemical exposure.
Heterogeneous exposure settings. A first important finding is that exposure settings across studies are quite heterogeneous with respect to exposure time, concentration and the applied microarray platform.
Exposure times. A summary of exposure onset and durations of all treatments is depicted in Figure 2a . Studies include very early exposures immediately after fertilization (e.g., Hermsen et al., 2012; Schiller et al., 2013b) , as well as exposures of stages after hatching of the embryo (e.g., Driessen et al., 2015; Faltermann et al., 2014; Hahn et al., 2014; Kawabata et al., 2015) . The exposure durations cover a range between 1 h (Alexeyenko et al., 2010) to several days (e.g., Garcia-Reyero et al., 2014; Lam et al., 2011; Park et al., 2012) . RNA extraction for microarray analysis usually took place immediately after the end of exposure, with only one exception: Alexeyenko et al. (2010) analyzed molecular responses to dioxin at several time points during depuration after a short exposure time.
Exposure concentrations. Since studies are based on different motivations and assumptions, the experimental strategies also differed with respect to exposure concentrations. Five of 33 studies used an exposure concentration showing no phenotypic effects in the embryo (e.g., Bonventre et al., 2013; Driessen et al., 2015; Hao et al., 2013) , 3 studies used the lowest concentration leading to a sublethal phenotypic or lethal effect (e.g., Saili et al., 2013) and 8 studies used concentrations causing death of 5-20% of all embryos (e.g., Klü ver et al., 2011; Lam et al., 2011; Oliveira et al., 2013) . Five studies recorded phenotypic effects for the applied exposure concentrations but did not quantify the effects (e.g., Alexeyenko et al., 2010; White et al., 2011; Tal et al., 2012) . Three studies used an exposure concentration, which was related to concentrations found in the environment (e.g., Park et al., 2012; Garcia-Reyero et al., 2014) and 8 studies did not explicitly relate their applied concentration to a reference concentration or phenotypic effect (e.g., Hahn et al., 2014; Xu et al., 2014; Kawabata et al., 2015) .
Microarray platforms. The studies considered in this metaanalysis made use of different microarray platforms. Commercially available microarrays manufactured by Agilent or Affymetrix were used most frequently. Besides general differences in array design between those companies, the different generations of arrays also appear to differ substantially in terms of transcriptome coverage as depicted in Supplementary Figure  3a. Here, a summary of transcriptome coverage of all used arrays shows that only few platforms achieve to cover most known Danio rerio genes. Roughly only 20% ($5,000) of known genes are covered across all platforms and can be compared across all conditions. However, if genes are grouped into gene sets using ontology and pathway information from databases, most gene sets are covered with at least 30% of their genes on all arrays (see Supplementary Figure 3b ). For our effect size analysis, we used a reduced dataset from fewer studies with the intention to increase the overlap in covered genes across studies and thus the number of genes that could be analyzed. The number of genes could be increased to a coverage of about 45% ($12 000 genes). We included data from different platforms since a limitation to only one platform would have reduced the analysis to too few compounds to derive any general conclusions.
Association of experimental factors. Figure 2b shows that in this meta-analysis not all experimental groups can be considered to be independent. Shaded bars show a significant correlation between experimental factors. For example, substances in MoA group A ("reactive, teratogenic") were often investigated in no effect concentrations at late time points.
Extent of gene regulation depends on exposure concentration. As a first analysis step, the proportion of DEGs among all measured genes was determined for all treatments (adjusted P < 0.05, jlogFCj>1). The proportion of DEGs ranged from no genes in 77 of 225 contrasts (treatment-control) up to a maximum of roughly 9% DEGs (Figure 3a) . Treatments ending at time points between 24 and 50 hpf seem to induce a slightly higher number of genes than those ending at earlier or later time points (see Figure. 3b ). Additionally, experiments using no-effect concentrations showed fewer significantly regulated genes than experiments using a concentration reported to cause visible effects on the phenotype (Figure 3d ). The fact that some contrasts do not show any significantly regulated genes goes in hand with the published studies about the corresponding datasets, since some of these studies chose not to correct their statistical test for SCH € UTTLER ET AL. | 295 multiple hypothesis testing for deriving a list of regulated genes (Bonventre et al., 2013; Garcia-Reyero et al., 2014; Saili et al., 2013; Xu et al., 2014) . Other studies tested a range of concentrations with the lower concentrations not always causing significant transcriptional changes. Additionally, the mode of action seems to have an effect on the extent of gene regulation. In Figure 3c , it is illustrated that endocrine acting substances seem to induce a comparatively larger response. However, this might be due to the fact, that endocrine substances were mostly tested at higher effect concentrations (Figure 2b) . We grouped the proportion of regulated genes according to concentration and time (Supplementary Figure 4a) and according to concentration and mode of action (Supplementary Figure 4b ) and it appears that both, mode of action as well as concentration play a role for the extent of gene regulation. Therefore and as explained above, it is hardly possible to consider the groups independently. Additionally, it should be noted that some of the treatments in all considered groups show none or only few DEGs. This explains the increased variability within all groups with an increased median proportion of DEGs (leading to "higher" boxes in Figure 3b -d).
Low overlap in DEGs between studies. In the next analysis step, we strived to identify genes commonly differentially expressed in the embryo in response to chemical exposure in general. In a first approach, DEGs were identified for each treatment and subsequently overlaps of DEGs were determined across all treatments as well as across subgroups of treatments. In order to reduce study bias, only those treatments with at least one DEG and only the highest concentration and latest time point investigated per substance and study were considered (resulting in a maximum of 60 contrasts/33 studies). Across all treatments and in all subgroups some overlapping DEGs could be identified with an overlap higher than would be expected by chance (P < 0.05). However, even the most commonly differentially transcribed genes appeared in less than 50% of analyzed treatments and regularly showed a study bias, if several compounds of one study were included in the dataset (see Supplementary  Figs . 5-14) . Each list of DEGs (if there were any detected) for each treatment was also analyzed for functional enrichment using the R-package clusterProfiler (Yu et al., 2012) . Again, the overlap of enriched terms was determined, which was found to be in the same range as for genes-with no gene set appearing in more than 50% of the treatments. Since the evidence for general regulation of the genes or gene sets with the highest overlap was weak, no further biological conclusions were derived from the findings of this analysis step. Rather, in a second step genes were searched for that showed a common trend of regulation irrespective of statistical significance in the single studies.
Effect size analysis: common trends of gene regulation. Our expectation to find some genes identified to be differentially expressed in all treatments (and accordingly in experimental subgroups) as evidence for common gene regulation was not met. We reasoned that there might still be genes showing a common trend of differential expression across treatments, without being identified as significantly differentially expressed in each individual treatment. Those genes would not be identified using the overlap method described above. Thus, in a second approach we obtained a summary effect size for each gene across all contrasts before determining its significance by permutation analysis. The summary effect size (bars in Figure 4 ) can be regarded similarly to a weighted average of the effect sizes of individual treatments, while the single effect sizes of each treatment and gene (circles in Figure 4) were obtained from the fold changes (treatment(s) vs respective control(s)) and normalized by the standard deviation. This method only allowed those genes to be included in the analysis which were tested in all treatments. Therefore, only studies with at least 15 000 investigated genes were included in the analysis (this cutoff was chosen as a tradeoff between number of analyzable studies (17 studies containing 176 treatments) and number of analyzable genes (11 679/$45% coverage)). Again, to reduce study bias the dataset was reduced to those treatments with highest concentration and latest time point for each compound and study. The results of this analysis are summarized in Table 2 , where the number of genes with a summary effect size deviating significantly from zero (FDR < 0.05, jeffect sizej > 1, here called "meta-genes") is given for each group as well as the number of enriched functional terms within this group of meta-genes. Summary effect sizes across all contrasts were significant for 11 genes, including 4 genes with positive (plekhf1, nars, atf3, phgdh) and 7 genes with negative summary effect size (csf1b, ppp1r27a, lrrn1, pvalb8, atp2a1l, neuro6b, nr4a1). In spite of statistical significant summary effect sizes, single effect sizes of each contrast still show large variation between treatments ( Figure 4a ). Several treatments even show a reverse effect size in comparison to the summary effect size, meaning for example that the gene is upregulated in some studies whereas the summary effect size shows a significant repression.
Meta-genes for experimental subgroups. As mentioned above, we also calculated the summary effect sizes for all included genes across different experimental subgroups. For 6 of the 9 subgroups we identified more than 100 genes showing a common trend of Table 1 . C, D, values clipped below À5 and above 5.
increased or decreased expression (see Table 2 and Supplementary Table 1, FDR < 0.05, jeffect sizej>1). The distribution of effect size and FDR was different between subgroups, as depicted in the volcano plots in Supplementary Figure 15 . All genes with a significant summary effect size and respectively enriched gene sets are summarized in Supplementary Tables 1 and 2 for all experimental subgroups. Heatmaps for each subgroup summarizing the single effect sizes of up to 100 of the respective "meta-genes" are provided as supplemental material ( Supplementary Figs. 16-24 ). Figure 4b illustrates exemplary for the top 10 genes responding to neuroactive substances, that metagenes identified in the subgroups at least partially show a consistent trend (all individual treatments show either increased or decreased expression compared to control). Furthermore, it demonstrates that summary effect sizes for experimental subgroups may substantially differ from the summary effect size for all treatments (light grey bars in Figure 4b indicating no effect across all studies) which may indicate a group specific response.
Observation time point. For early observation time points (up to an embryo age of 24 hpf) 164 genes had an estimated summary effect size larger than 1 (increased expression, FDR < 0.05) and 413 genes had an effect size smaller than À1 (decreased expression, FDR< 0.05). In contrast to other time related subgroups, numerous functional terms were enriched for those genes. Among genes with increased expression, terms related to mesoderm development as well as several T-box transcription factors (tbx6, tbx6l, tbx16, ta) were predominantly affected. Two signaling pathways were overrepresented, namely the Wnt-pathway (e.g., fibronectin 1b, wnt inhibitory factor 1, wnt11r, dact2) and the Fgf-pathway (e.g., fgf receptor 1a, fgf 17, fgf receptor like 1b). Both pathways play an important role in ZFE development (Verkade and Heath, 2008; Ota et al., 2009) . Additionally, 10 of the genes with increased expression were coding for proteins with EGFlike domains. The motif enrichment performed with human orthologue gene annotations indicated potential upstream regulation for 10 of the induced genes by the vitamin D receptor (VDR) and the hepatic transcription factor 1 (TCF1). Among the terms enriched for genes with decreased expression one cluster contained genes for beta-and gamma crystallins. Another cluster could be linked to neuron expression, myotome and muscle development. An effect on muscle development is also indicated by the enriched transcription factor motifs of MEF2A (Myocyte Enhancer Factor 2A) and MYOD (myogenic differentiation 1). Besides myogenesis and muscle cell differentiation those potential upstream regulators are involved in neuronal differentiation, cell growth control, apoptosis and cell cycle arrest (Berkes and Tapscott, 2005; McKinsey et al., 2002; Naya and Olson, 1999; Weintraub et al., 1991) . Additionally, there were clusters of genes enriched for calcium ion binding proteins (e.g., calpains, parvalbumins, calsequestrins) and for metabolic processes like glycolysis. Furthermore, a cluster of genes coding for homeoboxdomain containing proteins was found to show decreased expression in early treatments (e.g., hoxb13a, lhx1b, lhx9, nkx2.1). This protein class is highly conserved and plays an essential role in morphogenesis and early development (Kimmel, 1989; Mallo et al., 2010) . A clusterplot showing the downregulated terms of the early exposure group is shown in Supplementary Figure 25 .
In observations between 24 and 50 hpf (group: "middle"), 177 genes showed an average increase in expression but only the terms blood, leucine zipper domain, steroid biosynthesis and cellular amino acid metabolic process were enriched for this group of genes. Among the 209 genes with decreased expression only a small group of 6 genes could be annotated to be connected with dentary expression. In late measurements 12 genes showed an average increase and 12 an average decrease in expression, but no functional terms were enriched.
Concentration. Next to the consideration of observation time points we also grouped the experiments according to the applied exposure concentrations. We built 3 groups of experiments, namely concentrations with no reported apical effect ("no effect"), concentrations in the LOEC range ("LOEC") and concentrations with a reported apical effect ("EC"). Eleven genes showed an average expression increase and 14 an average decrease in the "no effect" concentration group. Enrichment analysis for this group resulted in only 2 terms connected to the fin bud, of which 2 genes were among the genes with increased expression. Experiments of the "LOEC" group showed 410 genes with increased and 531 genes with decreased expression. However, in spite of the large number of genes showing increased expression, only genes with decreased expression could be functionally annotated. Here, diverse anatomical terms were enriched, including musculature system, heart tube, dentary, blood and fin bud. Additionally, genes coding for proteins involved in glycolysis (e.g., fbp2, pfkma, pfkmb, gapdh) were decreased in expression as well as genes coding for globin-like and EF-hand domain containing proteins (e.g., parvalbumins). Experiments with reported apical effects of EC 10 and higher, showed 151 genes with increased expression. These were enriched among others for steroid biosynthesis, the protein domain of ABC transporters, and a group of lysosome genes including a range of peptidases (cathepsins, legumain) and glycosidases (hexb, naga). The expression increase of these genes indicates a raise in degradation of damaged proteins and macromolecules as a response to cell damage. In Figure 4c , the single effect sizes of significantly regulated lysosomal genes in "EC" experiments are exemplary illustrated in a heatmap. Here, it can be seen that not all compounds applied in a concentration causing an apical effect induced lysosomal genes in a similar way; however, an overall trend of induction is obvious. The 327 genes with decreased expression in the "EC" group showed enrichment for muscle, dentary and heart expression as well as the troponin domain (similar to the "LOEC" group). Additionally, the terms focal adhesion and ECM-receptor interaction were enriched, possibly indicating destabilized tissue structures. Transcription factor motif enrichment is similar to the "early" group of genes with decreased expression.
Mode of action. The studies included in the effect size analysis investigated 40 chemicals of which 22 were grouped into 3 broad groups with similar modes of action, namely reactive, carcinogenic or teratogenic compounds (group "A"); neuroactive compounds (group "B"); and compounds known to act on the endocrine system ("C").
We identified 28 genes with increased and 15 genes with decreased expression in the group of reactive substances ("A") of which 2 genes (nfkb2, tnfrsfa) are coding for proteins containing the death domain and 3 genes are coding for transporters of the major facilitator superfamily (slc37a2, slc17a9b, svolp). Among the genes with increased expression we also found acy3, a gene coding for aminoacylase 3, an enzyme which is known to deacetylate mercapturic acids (Newman et al., 2007) , which are common transformation products of reactive/electrophile chemicals (Vermeulen, 1989) . Neuroactive compounds ("B") induced an increased expression of 120 genes, of which 8 were found to be related to the neural rod (wnt4a, gdf6a, cxcl12a, hspa4b, greb1, heyl, hoxd13a, mdkb) and 3 are connected to neuron migration (prickle1b, cxcl12a, hdac1). The 168 genes with decreased expression showed enrichment for muscle and heart expression, glycolysis, the insulin signaling pathway, and fatty acid degradation. The third group of endocrine acting chemicals ("C") showed common trends of increased expression of 126 genes and decreased expression of 249 genes but no functional term was enriched besides glycolysis for decreased genes.
DISCUSSION
In our meta-analysis, we found that overlap of gene expression profiles is generally low between analyzed studies. However, common trends of differential expression, especially in meaningful subgroups, hint at important stress response mechanisms in the zebrafish embryo (ZFE) which we will discuss below. At the same time, we also identified limitations in experimental design which we will briefly discuss.
The studies compared here all sought to use global gene transcription analysis to analyze the molecular response provoked in the ZFE by exposure to specific compounds. Some studies investigated in substance related effects at a specific embryonic stage like gastrulation, others looked at further developed stages, e.g. with developed hepatocytes. Some studies aimed to identify the mode of action of a specific chemical, others aimed to demonstrate the suitability of the microarray technique for toxicological studies using well-known model chemicals. Those different specific research interests resulted in many different experimental designs. This heterogeneity in experimental factors is a challenge when comparing the data. Since the setup does not give a balanced design regarding the analyzed subgroups (see Figure 2b) , it is almost impossible to trace back differences between experiments to a single factor. Another confounding factor was the difference in array design with only a small set of genes being jointly observed on all arrays. Moreover, to obtain comparable data, all data were "forced" into one analysis design here which was restricted to one treatment per chemical and study in order to reduce study bias. This, however, reduced power in our analysis for those studies, which chose to investigate more concentrations or time points and less replicates which is actually a favorable and strong study design.
In the analysis of overlap of regulated genes between treatments none of the most frequently significantly affected genes was found in more than 50% of the treatments. Also in smaller groups of studies no larger overlap was detected. This finding goes in line with earlier meta-analyses of microarray data of tissue samples of ovarian cancer, also showing low overlap between observed expression profiles (Gyö rffy et al., 2008) as well as earlier studies in ecotoxicology indicating, that the number of commonly regulated genes gets smaller as the group of experiments is getting larger (Hermsen et al., 2013) . In a metaanalysis of changes within zebrafish proteomes after chemical exposure overlap of regulated proteins was even smaller and found to be below 30% (Groh and Suter, 2015) . A recent study by Vidal-Dorsch et al. (2016) showed a lower than expected overlap in an inter-laboratory comparison of ecotoxicological microarray analyses. All these results indicate that analyses of top-lists are always prone to bias. Especially when evaluating single studies, stronger proof of biological regulation e.g., by enrichment analysis (as performed by Driessen et al. (2014) ) or molecular interaction network analyses is needed. However, a functional enrichment analysis as performed here also revealed a maximum overlap of only 50% in the subgroups, which might be expected to be larger for more consistent experimental designs.
In spite of a generally low overlap of significantly regulated genes between studies we could detect common trends of gene regulation using an effect-size based approach and found indications for certain molecular responses to chemical stress in the ZFE. Molecular responses were assigned to a range of anatomical regions, biological processes and signaling pathways.
The 11 genes showing a significant trend across all treatments already hint at a few general molecular processes in response to chemical stress. The gene atf3 (activating transcription factor 3) plays a role in cell cycle arrest and apoptosis (Lu et al., 2006) and shows a trend of upregulation across all treatments (Figure 4a ). The same is true for plekhf1 (pleckstrin homology and FYVE domain containing 1) which is connected to lysosome dependent apoptosis (Chen et al., 2005) . In the "EC" group the importance of lysosomes in stress response is even more pronounced with several lysosomal genes upregulated (Figure 4c) .
Among the 7 genes with a trend for downregulation across all treatments 3 genes are connected to calcium homeostasis. The gene pvalb8 (parvalbumin 8) is the zebrafish orthologue of the human OCM2 (oncomodulin 2) coding for a high-affinity calcium ion-binding protein that belongs to the superfamiliy of calmodulin proteins containing an EF-hand protein domain. Also, the expression of the gene for the orphan nuclear receptor nr4a1 showed a trend of downregulation across all studies. It has been shown that the transcriptional regulation of this
endocrine receptor is dependent on calcium level (Abdou et al., 2016; Medzikovic et al., 2015) . Additionally, the zebrafish gene atp2a1l is an orthologue of the SERCA gene, coding for an intracellular Ca2þ transporting ATPase in the sarcoplasmatic reticulum of muscle cells. This pump has recently been shown to be inhibited by lipophilic compounds in Daphnia magna and it was hypothesized that intracellular calcium level plays an essential role in basal toxicity (Antczak et al., 2015) . Finally, the ryanodine receptors (RYR2 and RYR3) functioning to release calcium from the sarcoplasmic reticulum, e.g., in the context of muscle contraction (Pessah et al., 2010) , had a significant negative effect size in 4 of the 9 subgroups. Indeed, repression of genes connected to calcium binding or transport was a recurring observation in our analysis and most prominent in early exposures. Downregulation of genes of calcium binding proteins in the early exposure group is displayed in a heatmap in Figure 4d . Here, it can also be seen that negative control compounds like saccharin or mannitol but also nanoparticles did not have an effect on this group of genes, while all other compounds led to differing degrees of downregulation in early exposed ZFE. A downregulation of calcium binding proteins as response to chemical stress was also described as potential key event in mouse embryonic stem cells after progesterone exposure (Kang et al., 2016) and in ZFE exposed to Vitamin D3 (Zhang, 2015) . Furthermore, in a proteomics study calcium signaling proteins were found among the most frequently differentially expressed proteins besides actins, myosins, crystallins and metabolic enzymes in a meta-analysis of zebrafish proteome data obtained after chemical stress (Groh and Suter, 2015) . Brette et al. (2014) showed that the decrease of intracellular calcium current and calcium cycling leading to disruption of excitation-contraction coupling in fish cardiomyocytes after crude oil exposure is a key mechanism in crude oil caused cardiotoxicity in fish. Calcium has many different regulatory functions, one of which is its role during cell cycle progression (e.g., Kahl and Means 2003; Roderick and Cook, 2008) . In a study with Saccharyomyces cerevisiae, O'Duibhir et al. (2014) detected cell cycle arrest as a general stress response towards environmental perturbations. A cell cycle arrest would also go in line with our finding that, in the subgroups related to observation time, many downregulated genes are connected to those anatomical regions, which develop during the respective developmental stage. This is true for heart, musculature system, parts of the brain, and the eyes all of which start to develop before 24 hpf (Kimmel et al., 1995) . Those regions are all connected to downregulated genes in early treatments (ending before 24 hpf). In the second group (exposure ending between 24 and 50 hpf) the dentary system seems to be affected, which is starting to develop just before 2 dpf (Van der Heyden and Huysseune, 2000) . In the late exposure group (measurement later than 50 hpf), when most of the zebrafish morphogenesis is completed, no anatomical terms were enriched among the meta-genes. Overall, this could indicate a general delay in development, but also a reduction in growth and metabolism (with the mentioned anatomical regions mostly affected). This is further supported by a significant downregulation of many genes involved in glucose metabolism in 5 of the 9 subgroups. In summary, it might be hypothesized that the repression of calcium binding proteins indicates an early stress response which induces a cell cycle arrest and suppression of differentiation (as shown by Kang et al., 2016) . However, it remains to be elucidated whether the downregulation of calcium binding transcripts and proteins is indeed the cause or rather the result of a perturbation of development and differentiation. Most calcium binding genes are cell type specific and might occur as repressed just because the cell type is not as developed as in the respective control.
Additionally, genes can be identified showing the same trend of differential expression for compounds which are expected to act in a similar way. Induced genes in the group of neuroactive compounds could partly be functionally annotated with the terms neural rod and neuron migration. For endocrine disruptors and reactive compounds, the meta-genes could not be functionally annotated, which indicates a knowledge gap in functional annotation of signaling pathways and gene-gene interconnections during zebrafish development. Missing knowledge about relevant sets of genes involved in responses towards toxicants is also indicated by the fact, that more downregulated meta-genes are annotated in gene sets (representing known metabolic and homeostatic functions repressed by chemical stress) than upregulated meta-genes which might represent specific but unknown responses to chemical-biomolecule interactions during development. However, a detailed functional analysis of single affected genes might also give evidence for a specific response as shown for the gene acy3 (aminoacylase 3), which was exclusively affected in the group of reactive compounds and identified as a potential biomarker indicating biotransformation of electrophiles (Newman et al., 2007; Vermeulen, 1989) .
Apart from mechanistic evidence, the findings of our study should help to improve the design of toxicogenomic experiments in the future. The analysis of proportions of regulated genes revealed that experiments using concentrations which did not induce visible effects in the embryo showed a low proportion of genes differentially transcribed. This should be considered in toxicogenomics experiments as well as in discussions about the sensitivity of responsive transcriptomes. To foster the interpretation of toxicogenomics studies the distinction between general responses versus specific responses as well as primary versus secondary and early versus late responses induced by individual substances is important. This is especially true, if such data should become useful for risk assessment in the framework of the adverse outcome pathway (AOP) concept (Ankley et al., 2010) . This might become much easier in the future if studies are designed to advance from "snapshot" experimental designs covering only single concentrations and time points to a design including a range of concentrations and time points for each study as illustrated in Figure 5 . A minimum number of 5 time points and 5 different exposure concentrations would be recommended as this would allow for the application of simple descriptive modeling approaches. We recommend equal spacing of time points and concentrations on a logarithmic scale. The exposure time frame should be chosen according to the scientific question (for instance, if one is specifically interested in disturbance of early embryonic development, exposure should start immediately after fertilization. Otherwise we recommend to start not before 24 hpf, when the embryo has already developed to its phylotypic appearance). Furthermore, exposure concentrations should be anchored to a phenotypic effect (e.g., LC X ). This will foster the establishment of causal relationships between gene expression and adverse outcome in the future.
CONCLUSION
In a meta-analysis of 33 toxicogenomic zebrafish embryo (ZFE) studies, we could not identify a general uniform stress response. We found that the analyzed transcriptome studies show great heterogeneity in experimental settings that we take responsible for heterogeneous results. However, in selected experimental subgroups we could identify common trends of gene regulation. We identified gene sets connected to anatomical development, metabolism and calcium homeostasis as downregulated in different subgroups whereas upregulation of gene sets seemed to be more diverse and thus more specific. Induced genes could, among others, be linked to signaling pathways (e.g. Wnt, Fgf) as well as lysosomal structures and apoptosis.
This analysis shows some methodological constraints of existing ZFE transcriptome studies but at the same time it provides a starting point to substantially increase our understanding of toxic effects of chemicals and stress responses in the developing ZFE.
SUPPLEMENTARY DATA
Supplementary data are available at Toxicological Sciences online.
